Voltage stability has become an important issue in planning and operation of many power systems. This work includes multi-objective evolutionary algorithm techniques such as Genetic Algorithm (GA) and Non-dominated Sorting Genetic Algorithm II (NSGA-II) approach for solving Voltage Stability Constrained-Optimal Power Flow (VSC-OPF). Base case generator power output, voltage magnitude of generator buses are taken as the control variables and maximum L-index of load buses is used to specify the voltage stability level of the system. Multi-Objective OPF, formulated as a multi-objective mixed integer nonlinear optimization problem, minimizes fuel cost and minimizes emission of gases, as well as improvement of voltage profile in the system. NSGA-II based OPF-case 1-Two objective-Min Fuel cost and Voltage stability index; case 2-Three objective-Min Fuel cost, Min Emission cost and Voltage stability index. The above method is tested on standard IEEE 30-bus test system and simulation results are done for base case and the two severe contingency cases and also on loaded conditions.
Introduction
GA, invented by Holland in the early 1970s, is a stochastic global search method that mimics the metaphor of natural biological evaluation.Genetic Algorithms (GA) [1] operates on a population of candidate solutions encoded to finite bit string called chromosome. In order to obtain optimality, each chromosome exchanges the information using operators borrowed from natural genetic to produce the better solution. The combined Economic-Emission multiobjective problem seeks to simultaneously minimize both fuel costand the emissions produced by power plants. Environmental concerns on the effect of SO 2 and NOX emissions producedby the fossil-fueled power plants led to the inclusion ofminimization of emissions as an objective in the OPF formulation.
Voltage Stability
Voltage instability stems from the attempt of load dynamics to restore power consumption beyond the capability of the combined transmission and generation. Voltage stability constrained OPF-Voltage stability indicator is incorporated in the OPF formulation through the L-index value. The voltage stability index is an appropriate measure of the closeness of the system to voltage collapse. NSGA-II is a popular non-domination based genetic algorithm for multi-objective optimization which has a better sorting algorithm and incorporates elitism and no sharing parameter needed to be chosen as compared to the original NSGA. Emission cost of generators also play a vital role and is thus formulated in the minimization OPF problem. Since OPF was introduced in 1968, several methods have been employed to solve this problem, e.g. Gradient base, Linear programming method and Quadratic programming. However all of these methods suffer from three main problems. Firstly, they may not be able to provide optimal solution and usually getting stuck at local optima [2] . Secondly, all these methods are based on assumption of continuity and differentiability of objective function which is not actually allowed in a practical system.
VSC-OPF
The Contingencies such as unexpected line outages in a stressed system may often result in voltage instability, which may lead to voltage collapse. After a voltage collapse, the system becomes dismantled owing to the widespread operation of protective devices. Studies have been performed to predict the voltage instability with both static and dynamic approaches.
In this paper three different cases along with the system loaded conditions are considered. In the first case base case OPF as a single objective optimization problem is solved using GA [3] . In the second case VSC-OPF problem is formulated in MOGA with minimization of fuel cost and L-index value. In the third case economic emission of gases along with VSC-OPF problem is considered as a multi-objective problem and L-index is solved using the NSGA-II approach in an IEEE 30 bus system. NSGA [4] is a popular non-domination based genetic algorithm for multi-objective optimization. It is a very effective algorithm but has been generally criticized for its computational complexity, lack of elitism and for choosing the optimal parameter value for sharing parameter σ share. A modified version, NSGA-II [5] was developed, which has a better sorting algorithm, incurporates elitism and no sharing parameter needs to be chosen a priori.
Voltage Stability Index
The voltage stability analysis involves determination of an index known as voltage collapse proximity indicator. This index is an approximate measure of the closeness of the system to voltage collapse. There are various methods of determining the voltage collapse proximity indicator. One such method is the L-index method proposed in Kessel and Glavitsch. It is based on load flow analysis. Its value ranges from 0 (no load condition) to 1 (voltage collapse). The bus with the highest L-index value will be the most vulnerable bus in the system. The technique is incorporated from [6] . The L-index calculation for a power system is briefly discussed below.
Consider an N-bus system in which there are N g generators. The relationship between voltage and current can be expressed by the following expression:
By segregating the load buses (PQ) from generator buses (PV), Equation (1) can write as
where I G , I L and V G , V L represent currents and voltages at the generator buses and load buses.
where:
The L-index of the j th node is given by the expression:
where: 
Problem Formulation
In general, the OPF problem is formulated as an optimisation problem in which a specific objective function is minimised while satisfying a number of equality and inequality constraints [7] . The objectives of the OPF problem considered here are minimisation of fuel cost in the normal state and the minimisation of the voltage stability index L max in the emergency state. Power flow equations are the equality constraints of the problem, while the inequality constraints include the limits on real and reactive power generation and bus voltage magnitude as follows.
min. max.
Inequality constraints Gi Gi
Gi Gi The equality constraints given by the above equations are satisfied by running the power flow program. The active power generation (P gi ) (except the generator at the slack bus) and generator terminal bus voltages (V gi ) are the optimization variables and they are self-restricted by the optimization algorithm.
Non-Dominated Sorting Genetic
Algorithm II (NSGA-II)
NSGA introduced by Srinivas and Deb [8] , implements the idea of a selection method based on classes of dominance of all solutions. This algorithm identifies nondominated solutions in the population, at each generation, to form non-dominated fronts, based on the concept of non-dominance of Pareto. After this, the usual selection, crossover, and mutation operators are performed. However, there are some disadvantages in NSGA. It has been generally criticized for its computational complexity, lack of elitism and for choosing the optimal parameter value for sharing parameter σ share . A modified version, NSGA-II was developed, which has a better sorting algorithm, incorporates elitism and no sharing parameter needs to be chosen a priori [9] . In this algorithm, the population is initialized as random, and the number of population is N. Once the population in initialized the population is sorted based on non-domination into each front. The first front being completely non-dominant set in the current population and the second front being dominated by the individuals in the first front only and the front goes so on. Each Individual in the each front are assigned rank values or based on front in which they belong to. Then, crowding distance is calculated for each individual. The crowding distance is a measure of how close an individual is to its neighbours.
The NSGA-II procedure is also shown in Figure 1 . Parents are selected from the population by using binary tournament selection based on the rank and crowding distance. The individual with lesser rank or greater crowding distance is selected. The selected population generates offspring from crossover and mutation operators. The population with the current population and current offspring is sorted again based on non-domination and only the best N individuals are selected. The selection is based on rank and on crowding distance on the last front. Then the new population will be selected as parents at the next round.
Population Initialization
The population is initialized based on the problem range and constraints if any.
Non-Dominated Sort
The The initialized population is sorted based on nondomination.The fast sort algorithm is described as below.  For each individual p in main population P do the following This algorithm is better than NSGA [10] since it utilize the information about the set that an individual dominate (S p ) and number of individuals that dominate the individual (n p ).
Crowding Distance
Once the non-dominated sort is complete the crowding distance is assigned. 
 I(k)·m is the value of the m th objective function of the k th individual in I. The basic idea behind the crowing distance is finding the euclidian distance between each individual in a front based on their m objectives in the m dimensional hyper space. The individuals in the boundary are always selected since they have infinite distance assignment.
Selection
Once the individuals are sorted based on non-domination and with crowding distance assigned, the selection is carried out using a crowded-comparison-operator (a n ). The comparison is carried out as below based on 1) Non-domination rank p rank i.e. individuals in front F i will have their rank as p rank = i.
2) Crowding distance F i (d j )  p a n q if  p rank < q rank  or if p and q belong to the same front
e. the crowing distance should be more. The individuals are selected by using a binarytournament selection with crowed-comparison-operator.
Genetic Operators
NSGA-II use Simulated Binary Crossover (SBX) [10, 11] and polynomial mutation [10, 12] .
Simulated Binary Crossover
The Simulated binary crossover simulates the binary crossover observed in nature and is give as below.
where C i,k is the i th child with k th component, P i,k is theselected parent and β k (≥) is a sample from a random number generated having the density
This distribution can be obtained from a uniformly sampled random number u between (0, 1). η c is the distribution index for crossover. That is
where c k is the child and p k is the parent with being the upper boundon the parent component, is the lower bound and k 
r k is an uniformly sampled random number between (0,1) and η m is mutation distribution index.
Recombination and Selection
The offspring population is combined with the current generation population and selection is performed to set the individuals of the next generation. Since all the previous and current best individuals are added in the population, elitism is ensured. Population is now sorted based on non-domination. The new generation is filled by each front subsequently until the population size exceeds the current population size. If by adding all the individuals in front Fj the population exceeds N then individuals in front Fj are selected based on their crowding distance in the descending order until the population size is N. And hence the process repeats to generate the subsequent generations.
Best compromised Solution
Upon having the pareto-optimal set of non-dominated solution, the proposed approach [8] For each non-dominated solution k, the normalized membership function
Simulation Results
The proposed NSGA-II approach has been applied to solve the VSC-OPF problem in an IEEE 30-bus test system. The system has six generator buses, 24 load buses and 41 transmission lines.The generator cost coefficients and the transmission line parameters are taken from [12] . Three different cases were considered for simulation, one without considering the voltage stability i.e, to solve the VSC-OPF problem using MOGA and the second one is solved having economic emission of gases including VSC-OPF in NSGA-II.These simulations were implemented using the MATLAB program. The results of these simulations are presented, Figure 2 .
In this case the two objectives are minimization of fuel cost and minimization of L-index using multi-objective Genetic Algorithm. The results of VSC-OPF using MOGA is shown in Table 1 .
(Case 1): VSC-OPF Using NSGA-II
The voltage stability index (L-index) was included as the second objective function of the OPF problem along with the base fuel cost. The NSGA-II based algorithm was applied to solve this VSC-OPF problem. The optimal control variable setting obtained in this case is presented in Table 2 alongwith the L-index value. In Figure 4 shows the pareto optimal front of generation cost and L-index is shown and the Table 2 shows the line outage 27 -28 along with line outage 27 -30 is shown in Table  3 .The solution is a set of non-dominated solutions. The comparison of the results obtained in NSGA-II and three objective is shown in Table 5 . From this table it is clear that the performance of NSGA-II is better than MOGA in VSC-OPF problem.
Contingency analysis was conducted on the system with 125% loaded condition by simulating the single line outages and in each case the maximum L-index value was evaluated. From the contingency analysis it was found that line outage 28 -27 is the most severe one from the voltage security point of view during this contingency state. Table 6 gives the fuel cost, L max and minimum voltage value of the contingency constrained VSC-OPF using NSGA-II. This reduction in L max is obtained at the expense of increased fuel cost. Figure 5 shows the pareto optimal front of contingency constrained VSC-OPF.
The line outage for 27 -30 as shown in Figure 4 , in Tables 4, 5 and is also performed along with the same loaded condition as in line outage 27 -28 as shown in Figure 3 and results are tabulated. The reduction in L-max is obtained at the extent of increased fuel cost. base fuel cost. The NSGA-II based algorithm was applied to solve this VSC-OPF problem. The optimal control variable settings are similar to that of the two objective case. In Figure 5 shows the pareto optimal front of generation cost, L-index and economic emission dispatch of gases for base case and in Figures 6, 7 the line outage 27 -28 and line outage 27 -30 are also included. 
Conclusion
In this paper, the various aspects of single-objective optimal power flow and multi-objective voltage stability constrained optimal power flow are studied. An efficient and diversified approach using NSGA-II algorithm is identified to solve the above multi-objective optimization problems. Several case studies have been employed separately for single & multi-objective optimization problem. Firstly, the results are obtained for single objective OPF and contingency constrained VSC-OPF using genetic algorithm for the optimization of Fuel cost which are then compared with the power flow results of other papers. The multi-objective VSC-OPF problem is formulated using NSGA-II algorithm. The proposed algorithm occupies less memory space and takes CPU time than conventional GA approach. Simulation results of the IEEE 30-bus system have been presented to illustrate the effectiveness of the proposed approach to solve the VSC-OPF problem. This simulation results were carried out using NSGA-II and are found that voltage stability is
